Amino acids play a central role in plant growth, development, and human nutrition. A better understanding of the genetic architecture of amino acid traits will enable researchers to integrate this information for plant breeding and biological discovery. Despite a collection of successfully mapped genes, a fundamental understanding of the types of genes driving the genetic architecture of amino acid related traits in crop seeds and model systems such Arabidopsis has remained unresolved. To address this issue, we applied genomic prediction using distinct subsets of genes, including those belonging to the known amino acid biochemical pathways, to quantify their contributions to the genetic variation of free amino acid levels in dry seeds. First, we demonstrate that genomic prediction of free amino acid levels is moderately accurate in Arabidopsis seeds. Then, we explore whether specific subsets of SNPs corresponding to amino acid pathways exhibit enhanced predictability for amino acid traits. Surprisingly, for several of the traits we studied, SNPs within the amino acid pathways were no more predictive than randomly generated sets of control SNPs. This may imply a complex genetic architecture that includes other genes related to cellular processes or development. Conversely, a subset of amino acid traits did exhibit enhanced predictability based on pathway SNPs compared to control SNPs. We propose that this latter set of traits may correspond to a simpler genetic architecture. Ultimately, this study provides a potential strategy to assess the involvements of candidate genes in the genetic architecture of a traits using subset-based genomic prediction.
INTRODUCTION
Amino acids play a central role in plant growth and development, primarily by acting as building blocks for proteins. However, free amino acids are also precursors for various metabolites and cellular processes such as signaling, nitrogen assimilation, secondary metabolism, and osmotic tolerance (Wu and Messing 2014; Angelovici et al. 2010) . In human and farm animal diets, plants are a major source of these necessary amino acids (Ufaz and Galili 2008) . Within plant seeds, free amino acids also contribute to desiccation and seed vigor pathways, which impact seed nutritional quality traits (Galili et al. 2014; Angelovici et al. 2011) .
Previous work has demonstrated that the free amino acid pools in seeds can be more easily manipulated for breeding and nutritional biofortification purposes than protein-bound amino acids (Galili and Amir 2013; Zhu and Galili 2003) . The importance of amino acid content for both plant development and human nutrition has motivated researchers to employ multiple techniques to dissect the genetic architecture of amino acids in plants, with the ultimate goal of providing foundational genetic knowledge that can be integrated into plant breeding and biotechnology.
One of the most powerful methods for addressing the genetic basis of metabolic traits, such as free amino acids, is linkage mapping, which has frequently been used to uncover the genetic architecture of both primary and secondary plant metabolites (Fernie and Tohge 2017) .
Linkage mapping involves using a population produced from a cross between two or more distinct individuals to associate genotypic information with phenotypic values, enabling identification of quantitative trait loci (QTLs; Fernie and Klee 2011; Foerster et al. 2015) .
Previous QTL studies have successfully identified genomic loci that contribute to primary and secondary metabolic traits (Wong et al. 2004; Wentzell et al. 2007; Chander et al. 2008; Balasubramanian et al. 2009; Vallabhaneni and Wurtzel 2009; Gutiérrez-Rojas et al. 2010; Maloney et al. 2010; Kochevenko and Fernie 2011) and, more importantly, unveiled the complexity underlying the genetics of primary metabolite traits. QTL mapping studies have identified hundreds of QTLs associated with a large number primary metabolites in maize (Wen et al. 2015) and Arabidopsis (Lisec et al.2008; Rowe et al. 2008; Knoch et al. 2017) . Frequently, identified QTLs were found to be unevenly distributed into QTL hotspots and often associated with expression QTLs (eQTLs), suggesting pleiotropy among regulatory genes controlling primary metabolism (Lisec et al. 2008; Rowe et al. 2008; Knoch et al. 2017) . In addition to pleiotropy, epistasis has been commonly identified for primary metabolism QTLs (Rowe et al. 2008 ; Knoch et al. 2017) . QTLs identified in these studies tend to exhibit relatively small effect sizes and explain a small proportion of total phenotypic variance. The unexplained portion of primary metabolism and amino acid variance may be due to several unidentified loci with small contributions to primary metabolite levels in Arabidopsis .
As generating dense genotypic information for large numbers of individuals has become increasingly affordable, so has the use of genome-wide association studies (GWAS). GWAS uses a large panel of diverse individuals with genotypic and phenotypic data to identify loci associated with traits of interest (Hirschhorn and Daly 2005; Weigel and Nordborg 2005) , providing higher resolution than linkage mapping and allowing appreciably more allelic diversity to be present in the study population (Korte and Farlow 2013; Fernie and Tohge 2017) . GWAS is able to identify candidate loci for amino acids and primary metabolites both independently (Riedelsheimer et al. 2012) , and in conjunction with QTL studies (Angelovici et al. 2013 ).
However, the number and the effect size of loci detected so far explain only a fraction of the observed phenotypic variation of amino acid traits, and some amino acids have proven harder to dissect than others. For example, Angelovici et al. (2013 Angelovici et al. ( , 2016 found the strongest associations for branched-chain amino acids (BCAA) and weak signals for most other free amino acid traits.
Although GWAS has limited power to reliably identify variants that are rare and/or of small effect (Korte and Farlow 2013) , subsequent investigations using integrated analyses that combined GWAS, linkage mapping, and metabolic correlation networks were able to replicate previously-identified candidate loci and identify new candidate loci related to amino acid and free amino acid levels in both seeds and leaves of Arabidopsis (Angelovici et al. 2016; Wu et al. 2016 ).
The consistent finding that amino acid traits frequently have several associated loci, coupled with the difficulty of GWAS to explain a large proportion of genetic variation for these traits, suggests the strong possibility that amino acid traits may have a highly polygenic architecture (Chen et al. 2014) . While linkage mapping and GWAS are typically underpowered to map loci contributing to polygenic traits, genomic prediction methods excel at providing information when traits are polygenic. Genomic prediction allows researchers to predict an individual's breeding value, or the additive component of their genetic variation, based only on genotypic data (Meuwissen et al. 2001; Heffner et al. 2009 ). The efficacy of genomic prediction results from its simultaneous use of all genotyped markers, in contrast to analyzing markers one-at-a-time as is done for linkage mapping and GWAS (Heffner et al. 2009 ). This allows the inclusion of information from all loci to make predictions, instead of basing conclusions only on individual loci that achieve genome-wide significance, and therefore captures more of the additive genetic variance.
Recent work on complex traits in humans has led to the proposal of the omnigenic model as a rediscovery of R.A. Fisher's infinitesimal model of quantitative traits (Boyle et al. 2017 , Fisher 1918 . Together, these models propose that the bulk of heritability for complex traits can be found in exceedingly small-effect loci that are dispersed throughout the genome, potentially, though not necessarily, outside of trait-relevant pathways (Boyle et al. 2017) . If this applies to free amino acid traits in dry Arabidopsis seeds, large-effect genes involved in known amino acid pathways may not be informative regarding free amino acid levels. Instead, one would expect that seemingly unrelated genes and genomic regions distributed throughout the genome may harbor the majority of genetic variability contributing to free amino acid levels. In contrast, experiments using linear mixed models and genomic prediction methods to investigate complex traits in Drosophila melanogaster (Edwards et al. 2016) , Duroc boars ( Sus scrofa; Sarup et al. 2016 ) , and dairy cattle ( Bos taurus ; Edwards et al. 2015 , Fang et al. 2017 ) have shown improved predictions by incorporating differential weightings for trait-relevant pathways that are enriched for previously-identified candidate genes. This suggests that for some traits in some species, phenotypic variance may be better-explained by genetic variation in trait-relevant pathways than those found in pathways unrelated to the trait. Similarly, when Owens et al. (2014) tested the predictive power of genome-wide SNPs, pathway-relevant SNPs from genes identified in previous linkage studies, and SNPs from eight particular genes in a carotenoid QTL study, they found that SNPs beyond the eight that were previously-implicated provided little to no improvement in predictive power. This is consistent with the possibility that carotenoids in maize exhibit a relatively simple genetic architecture. Together, these studies imply that, along with providing predictions for breeding purposes, applying genomic prediction methods to subsets of the genome can provide novel insights into the genetic architecture of quantitative traits.
In this study, we first demonstrate the efficacy of whole-genome prediction for free amino acid levels in dry Arabidopsis seeds. Next, we establish that a subset of SNPs restricted to genes within the amino acid pathway are not as informative for genomic prediction as SNPs from all genes in the Arabidopsis genome. Then, we test whether amino acid-related pathway SNPs are better predictors of free amino acid levels in dry Arabidopsis seeds than randomly selected control subsets with an equal number of SNPs, which were selected from the rest of the genome. This application of subset-based genomic prediction sheds light on the genetic architecture of these traits. Importantly, we observed that the predictive power of the SNPs within the amino acid pathway genes, as compared to their controls, varied significantly from trait to trait. This implies a varying level of genetic complexity among free amino acid levels in dry Arabidopsis seeds.
MATERIALS AND METHODS
Phenotypes and Plant Materials: For this study, we reanalyzed data on the absolute levels of free amino acids in dry Arabidopsis seeds, which were previously measured for a 312 member association panel (Angelovici et al. 2013 (Angelovici et al. , 2016 . In brief, seeds were harvested from three independent replicates of the 360-accession Arabidopsis diversity panel (Nordborg et al. 2005) and absolute levels of free amino acids (nmol/mg seed) were quantified using liquid chromatography-tandem mass spectrometry (see Angelovici et al. 2013 for further details).
Eighteen of the 20 proteogenic amino acids were measured, in addition to a composite phenotype: the sum of all the free amino acids measured (total free amino acids; TFAA). For each phenotype and each accession, best linear unbiased predictors (BLUPs) were generated by fitting mixed models across all three replicates. These BLUPs, reported in Angelovici et al. (2013) were used as the phenotypic data for this study. The BLUPs effectively removed the analysis from three per accession to one, but they do not take genetic information into account.
Genotyping and SNP Subsetting: Accessions were previously genotyped using a 250k SNP panel (Atwell et al. 2010) , version 3.06. Unless otherwise specified, all analyses were conducted in R 3.4.3 (R Core Team 2015).
The full genome-wide SNP set was used to create three different SNP subsets: genic SNPs (GS subset), SNPs related to amino acid metabolism (AAS subset), and control SNPs (CS subset), as described below. These three SNP subsets were used throughout this study to assess the predictive power of genes in the amino acid pathway as compared to all genes and control genes.
Genic SNP (GS) subset: Using the R package biomaRt (Durinck et al. 2005 (Durinck et al. , 2009 ), a subset comprised of all genic SNPs was generated by selecting SNPs that fell within a 5kb window of the start and stop positions for all annotated genic regions of the Arabidopsis thaliana genome in TAIR10 (Swarbreck et al. 2008 ). In total, this subset included 213,612 SNPs.
Amino Acid SNP (AAS) subset:
The AraCyc database (Mueller et al. 2003; Zhang et al. 2005) was used to identify Arabidopsis thaliana genes associated with amino acid biosynthesis and catabolism. The start and stop positions of genes associated with amino acids were retrieved from the biomaRt database (Durinck et al. 2005 (Durinck et al. , 2009 , comprising a total of 335 genes (Smedley et al. 2015) . SNPs that fell within a 5kb window of the start and stop positions of these genes were selected from the full genome-wide SNP set to form an amino acid subset of 7,667
SNPs. SNPs up to 5kb outside of genes were permitted so that up-and downstream regulatory elements would generally be included in the SNP subset.
Control SNP (CS) subsets: 1,000 random subsets of SNPs were generated to serve as controls for the AAS subset. These subsets represented the same number of genes and contained the same number of SNPs as the AAS subset, but the genes were randomly chosen from all non-amino acid annotated genes in Arabidopsis without incorporating any additional pathway information.
Aside from the number of SNPs in the CS subsets and the total number of genes they represented, there were intentionally no additional restrictions placed on which SNPs could be chosen as part of the CS subsets. This was done in order to minimize potential sources of bias in our analysis.
Genomic Prediction using GBLUP: For each SNP subset, including the 1,000 CS subsets, genomic relationship matrices were constructed using the VanRaden algorithm (VanRaden 2008) as implemented in the GAPIT software package (Lipka et al. 2012) . Based on these matrices, genomic best linear unbiased prediction (GBLUP; Zhang et al. 2007 ) was conducted in GAPIT for each of the BLUP-transformed free amino acid traits using a mixed linear model without compression (Lipka et al. 2012 ).
First, to establish the overall predictive accuracy of the genic SNP set for amino acid traits, one iteration of GAPIT with 1,000 replications and 3-fold cross validation was run on the GS subset. The correlation coefficient between observed and predicted phenotypic values was recorded for each run and plotted using the R package ggplot2 (Wickham 2016) . To compare the predictive accuracy of the GS and AAS, 1000 replicates of 3-fold cross validation were performed in GAPIT using the AAS subset, and these were compared to the 1,000 replicates using the GS subset based on a Welch two sample t-test.
Next, for each of the 1,000 CS subsets, genomic prediction was performed 100 times with 3-fold cross validation. The analysis of these 1,000 CS subsets were paired to 1,000 analyses of the AAS subset, each of which were also conducted with 100 replicates of 3-fold cross validation. Statistical comparison of AAS and CS subsets was carried out using a binomial test. For each amino acid trait, 1,000 pairwise trials were performed with success defined as the AAS subset having a greater correlation coefficient than the CS subset. Then, based on the number of successes, we evaluated whether or not the probability of success was significantly greater than 50%, which corresponds to testing whether AAS subsets are significantly more predictive than CS subsets.
Finally, since a significant difference doesn't necessarily imply a large difference in magnitude, particularly when the number of trials is large, a second set of binomial tests were conducted. For these, similar pairwise trials to those described above were conducted, with success being defined as the correlation coefficient of the AAS subset being at least 5% greater than that of the CS subset. Again, after 1,000 pairwise comparisons (one for each CS subset) we used a binomial test to determine if the observed number of success was significantly greater than 50%. This is equivalent to testing whether or not AAS subsets out-predict CS subsets by at least 5%.
Genomic Prediction using GFBLUP: In parallel to the GBLUP analysis with GAPIT, genomic feature best linear unbiased prediction (GFBLUP; Edwards et al. 2015 , Edwards et al. 2016 , Fang et al. 2017 ) was used to estimate the proportion of genomic variance attributable to markers in the AAS and CS subsets. This approach follows the method used by Edwards et al. (2015) to assess the influence of genetic markers in biological pathways on health and milk production in dairy cattle. Briefly, the GFBLUP model is an extension of GBLUP that incorporates the additional effect of genetic markers that have prior evidence of an association with a given trait (e.g., gene annotation categories or QTL) (Edwards et al. 2015 , Edwards et al. 2016 . Thus, the full set of genomic markers are still used for prediction, with the potential for marker subsets (i.e., genomic features) to be differentially weighted if they are potentially causal for the phenotype of interest. ). The GFBLUP model was implemented via the qgg package in R (Sørensen 2017) using the REML procedure with 50 replications and 10-fold cross validation. The proportion of genomic variance explained for each genomic feature was averaged across validation sets to generate a total of 1,000 data points per amino acid trait. Similar to above, a binomial test was used to test if was greater than for the 1,000 comparisons. As for the GBLUP results, h 2 AAS h 2 CS this was followed by a second set of binomial tests to establish if the proportion of genomic variance explained by the AAS subset was at least 5% greater than that explained by the CS subset. Data Availability: Genotypic data for all accessions utilized is available at https://github.com/Gregor-Mendel-Institute/atpolydb/wiki . Phenotypic data are available in Supplemental File S1. All scripts used in this study are publicly available on GitHub at https://github.com/KevinABird/AA-GenomicPrediction.
RESULTS
Efficacy of genomic prediction: We first evaluated the overall accuracy of genomic prediction of free amino acid levels in dry Arabidopsis seeds. For this evaluation, we employed the GS subset only, as we were interested in general predictability. Our results indicate that genomic prediction is reasonably effective for absolute levels of free amino acids (nmol/mg seed) and the composite trait TFAA, with mean correlation coefficients ( r ) over 1,000 runs ranging from~0.13 for threonine (Thr) to~0.39 for TFAA (Figure 1 , Table 1, Figure S1 ). As is expected for polygenic traits, whole genome prediction enables useful predictions of phenotype from genotype, despite the difficulty identifying large effect causal variants using GWAS. Utility of Amino Acid pathway genes for predicting free amino acid levels in dry Arabidopsis seeds with GAPIT: Our results from genomic prediction using amino acid pathway-specific SNP subsets highlight the complexity of genetic architecture in free amino acid traits. In addition to genomic prediction using the GS subset, we evaluated genomic prediction using the AAS subset. For all traits, the mean predictability of the GS subset was higher than that of the AAS subset, and, for all but Gln, this difference was significant according to a simple t-test (Table 1) . However, the GS subset contains several-fold more SNPs than the AAS subset, so this was not unexpected. Still, it suggests the possibility that the amino acid pathway is unlikely to harbour all of the variability for amino acid traits. To evaluate whether or not AAS subsets contained elevated information relative to the background level of population structure and frequency of causal SNPs genome-wide, we compared prediction with the AAS subset to that using CS subsets. Recall that 1,000 CS subsets were specifically designed to serve as random controls for the AAS subset, which included only SNPs within or near genes that are annotated as part of the amino acid pathways (Mueller et al. 2003; Zhang et al. 2005) . For every amino acid trait tested, the GS had higher predictive accuracy than the AAS and CS, although the degree to which the GS had higher predictive accuracy varied between amino acid traits (Table   1) . Results from principal component analysis (PCA) indicated that population structure was similar across the GS, AAS, and CS subsets ( Figure S2 ). Using GAPIT, a binomial test showed that the AAS subset was significantly more predictive than CS subsets for 12 out of 19 amino acid traits (Ala, Arg, Gln, His, Ile, Leu, Lys, Phe, Pro, Thr, Trp, Tyr; Table 2, Figure 2A ). However, for seven of these 19 traits (Ala, Arg, His, Leu, Lys, Trp, Tyr), our analysis showed that the magnitude of AAS predictions did not outperform CS predictions by at least 5%. This indicates that the higher predictive accuracy may be statistically significant but low in magnitude for these seven amino acids. Angelovici et al.
(2013) identified BCAT2, a large-effect gene within the amino acid pathway for isoleucine (Ile) content in dry seeds. In agreement with this, the AAS subset was more predictive than CS subsets for Ile (Figure 2 ). For the remaining seven traits (Asp, Glu, Gly, Met, Ser and Val), including the branched chain amino acid Val, predictions from the AAS subset were not significantly higher than predictions from the CS subsets (Table 1 , Figure 2B ).
Predictive accuracy of the AAS subset was further tested with and without BCAT2 to investigate the effect of BCAT2 on Ile prediction. Pairwise comparison of the AAS subsets with and without BCAT2 showed that the AAS subset with BCAT2 had a higher correlation coefficient in 992 out of 1000 comparisons and was significantly more predictive ( P < 2.2e-16).
Additionally, the AAS subset with BCAT2 had a correlation coefficient that was 5% higher than the AAS subset without BCAT2 in 648 out of 1000 comparisons (P < 2.2 e-16). However, the AAS subset without BCAT2 was more predictive than the CS subsets in in only 548 out of 1000 comparisons (P= 0.001), compared to 752 out of 1000 when BCAT2 is included (P< 2.2e-16).
The AAS subset had a correlation coefficient 5% higher than the CS subset in only 396 out of 100 comparisons, compared to 624 when BCAT2 is included (P=2.07e-15). Comparing the proportion of genomic variance explained by AAS and CS subsets using GFBLUP: As an alternative test, the relative proportions of genomic variance explained by the AAS ( ) and CS ( ) subsets were compared using GFBLUP. Results from the binomial h AAS subset explained more genomic variance than the CS subset for Ala, Arg, Gln, His, Ile, Leu, Lys, Phe, Pro, Thr, Trp, and Tyr ( Figure 2B , Table 2 ). In contrast to the results from GAPIT, the AAS subset was also more predictive than the CS subsets for Gly and Val. This discrepancy is especially dramatic for Val; according to our GAPIT GBLUP analysis, the AAS subset was more predictive than the CS subsets in only 53 out of 1,000 tests. However, based on GFBLUP, we found a greater proportion of variance explained by the AAS subset in 630 out of 1,000 tests ( Figure 2 , Table 2 ). Notably, the AAS subset explained equal or less genomic variation than the CS subsets for total free amino acids (TFAA), Glu, Asp, Ser, and Met, consistent with the results from GAPIT and thus indicating that the AAS subset is reliably not informative for these amino acid traits. These results were unchanged when we tested whether there was at least a 5% difference in the proportion of genomic variance explained by the AAS and CS subsets. Because a 5% difference may not be as informative for the proportion of genetic variance explained as for predictive accuracy, we also tested for a difference of up to 50% and found no changes in the overall patterns of significance (Table S1 ). Additionally, Figure S3 demonstrates that when the AAS subset explained significantly more genomic variance than the CS subset, the magnitude of this difference was quite large.
Interestingly, although our GFBLUP analyses demonstrated that the AAS subsets were more informative than controls for the majority of amino acid traits, we did not observe an increase in prediction accuracy for any of the 19 amino acid traits when using GFBLUP compared to GBLUP ( Figure S4A ). Despite this, we did observe differences among the 19 amino acid traits for the proportion of genomic variance explained by the AAS subset ( Figure S4B ).
Amino acid traits for which the AAS subset explained a relatively high proportion of genomic variance (i.e., Trp, Gln, Ala, Ile, Thr, Phe, Tyr, Pro, Leu, and His) also showed predictive accuracies for the AAS subset that were similar to the accuracy of prediction when the entire GS subset was used (Table 1) .
DISCUSSION
Since its development nearly two decades ago (Meuwissen et al. 2001) , genomic prediction has dramatically altered the speed and scale of applied genetic and breeding research (Daetwyler et al. 2013) . However, the use of genomic prediction has been primarily limited to agricultural species (Wolc et al. 2016; Nielsen et al. 2016; Weller et al. 2017) , likely because this is the realm where predicted breeding values are most directly useful for breeding purposes. However, as demonstrated in this manuscript, the methodology of genomic prediction can be meaningfully applied for biological discovery in the context of basic science. Our study sheds light on fundamental aspects that underlie the genetic architecture of free amino acid traits in Arabidopsis seeds. As discussed below, our findings are consistent with existing literature, but also propose new hypotheses.
Genomic prediction of free amino acid levels in dry Arabidopsis seeds using a diverse panel of individuals: The panel of 312 Arabidopsis individuals we studied is diverse and represents a substantial proportion of the known genetic variability present in Arabidopsis (Nordborg et al. 2005 ). This setting is distinct from the closed breeding populations of dairy cattle, maize, and other agricultural species where genomic prediction is often utilized (Weller et al. 2017; Heffner et al. 2009; Wolc et al. 2016) . The moderate prediction accuracies that we observed for free amino acid traits are promising, as they suggest the possibility of LD between markers and causal loci, and serve as additional evidence that genomic prediction can successfully be applied outside of crop species. Notably, we did not observe an increase in prediction accuracy when using GFBLUP to differentially weight SNPs in amino acid pathway genes. This could result from several factors, such as dilution by non-causal markers or inclusion of causal variants that do not explain at least 10% of the genomic variance (Edwards et al. 2016 .
Genetic variability for free amino acids in dry Arabidopsis seeds is not restricted to known amino acid pathways: For all but one of the amino acid traits we studied, the full GS subset was more predictive than the AAS subset. More importantly, for six out of 18 amino acids studied (~33%), as well as the composite trait TFAA (seven traits in all), the subset of SNPs restricted to amino acid pathway genes (AAS subset) did not exhibit a greater predictive accuracy than the same number of SNPs restricted to an equivalent number of random control genes (CS subsets).
These seven traits spanned four out of five families (Asp, Glu, BCAA and Ser amino acid families). For an additional seven traits (Ala, Arg, His, Leu, Lys, Trp, Tyr), the AAS had significantly higher predictive accuracy than the CS, but by a margin less than 5% of the predictive accuracy for the CS, suggesting that the qualitative difference between the AAS and the expected background predictive accuracy is minimal. This 5% margin was less meaningful when using GFBLUP to compare the proportion of genomic variance explained, as the AAS subset significantly explained at least 5% more genomic variance than the CS subset for all seven of these amino acid traits. This could indicate that a 5% difference in predictive accuracy is more extreme than a 5% difference in the proportion of genomic variance explained. Since the effectiveness of genomic prediction often relies on linkage disequilibrium (LD) between SNPs and causal alleles, this may imply that for these traits, an increased proportion causal loci fall outside of known amino acid pathways. However, it is well established that genomic prediction can succeed as a result of phenotypic correlations between related individuals manifesting as co-segregation between markers and causal loci. This can be the case regardless of whether or not LD between SNPs and causal alleles is present (de los Campos et al. 2013) . Such a phenomenon could contribute to the reason that the AAS subset does not outperform the CS subsets for these seven traits, and produces significant, but low magnitude improvements for another seven traits. Considering that the other five traits did exhibit significantly greater predictive performance from the AAS subset than the CS subsets, it appears that in certain situations there can be additional information contained in the amino acid pathway when compared to random control regions. Interestingly, all three Shikimate family amino acids (Phe, Tyr, and Trp) fell into the category for which the AAS subset was more predictive than CS subsets.
This leads us to hypothesize that for the seven traits for which the AAS subset did not out-predict the CS subsets, and to a lesser extent the additional seven traits for which the AAS did not out-predict the CS subsets by at least 5%, causal alleles for these traits are more likely to be small-effect and dispersed throughout the genome. These findings provide unique insights into amino acid metabolism during late seed maturation and desiccation. To date it has remained unclear whether the free amino acid pool in dry seeds is a direct consequence of active amino acid metabolism (biosynthesis or catabolism) or the results of processes such as protein degradation or synthesis, nitrogen metabolism, or secondary metabolism. For example, a metabolic characterization study of Arabidopsis seeds during late maturation suggested that toward the final desiccation stage there is an active metabolic switch that is responsible for elevation of several free amino acids (Fait et al. 2006) . Our findings suggest that a metabolic switch with a simple underlying genetic architecture might affect only a subset of the free amino acids (potentially Gln, Ile, Phe, Pro, and Thr, for which the magnitude of AAS subset-based prediction was substantially and significantly greater than CS-subset based prediction), while the other thirteen free amino acids levels may be determined by additional processes. Distinguishing between the two architectures can help understand how and if we can manipulate these traits for breeding, and how challenging this task might be. Consistent with this hypothesis, the AAS subset did not significantly predict better than the CS subset for Met, an essential amino acid that is deficient in most crop seeds (Galili and Amir 2013; Ufaz and Galili 2008) . This suggests that variation for Met is likely driven by a complex assortment of cellular processes beyond the amino acid metabolic pathway. This is also in agreement with the difficulty of enhancing Met without agronomical penalties (Galili et al. 2014; Galili and Amir 2013; Ufaz and Galili 2008) .
A collection of traits do rely on elevated genetic variability within the amino acid pathway:
For five of the traits we studied, the predictive accuracy of the AAS subset was significantly greater than that for the CS subset and by a margin greater than 5% of the mean predictive accuracy of the CS. This provides evidence that genetic variability for these traits appears to be more concentrated within the amino acid pathway. In the case of Ile, this is consistent with results that have been previously published. Angelovici et al. (2013) detected a large-effect QTL contributing approximately 19% of the observed variability of Ile. The causal gene found was the Branched chain amino acid transferase 2 (At1g10070), which is part of the BCAA metabolic pathway (Mueller et al. 2003; Binder 2010) . Our re-analysis of the data with and without SNPs near the causal gene included demonstrated that a significant proportion of the enhanced predictive ability of the AAS subset can be attributed to this gene alone. This observation is consistent with the possibility that subset-based genomic prediction may be implemented as a technique to hone in on categories or features of SNPs/genes that are more likely to harbour causal variants. However, even for these five traits, our results suggest that the amino acid pathway does not contain all of their genetic variability. If it did, we would expect that the AAS subset would be as or more predictive than the GS subset, which we only observed for Gln (Table 1) . These results suggests that candidate gene approaches may be limited by the genetic variation outside of amino acid pathways that contribute greatly to trait variation. Future work in genetic engineering and breeding of complex metabolic traits should bear in mind that important genetic variation can lie outside of known amino acid pathway genes.
CONCLUSIONS
Based on our results, it appears that for a proportion of the free amino acid traits in dry Arabidopsis seeds, known amino acid pathway genes contribute no more additive genetic variation than do genes distributed genome-wide. Instead, we hypothesize that the genetic architecture of these traits is made up of many loci of small effect from any number of different biochemical and biological pathways. However, several free amino acid traits showed the opposite pattern; they were better-predicted by SNPs within the pathway than by random SNPs elsewhere in the genome. At least one of these counter-examples, Ile, corresponds to an amino acid already demonstrated to have a simpler genetic architecture that includes natural variation for a large effect allele segregating within the pathway (Angelovici et al. 2013) . We propose that those amino acids with high pathway-based predictability may have a simpler genetic architecture than those that cannot be well-predicted from pathway-based SNPs alone. Broadly speaking, a strategy similar to that implemented here may be useful for classifying the genetic architecture of complex traits, especially of metabolic traits.
Acknowledgements:
We are grateful for helpful input from two anonymous reviewers, whose suggestions improved this manuscript. This project was supported by the USDA Agricultural Research Service, the University of Missouri Division of Biological Sciences, Columbia Mo, the NSF Graduate 801  802  803  804  805  806  807  808  809  810  811  812  813  814  815  816  817  818  819  820  821  822  823  824  825  826  827  828  829  830  831  832  833  834  835  836  837  838  839  840  841  842  843  844  845  846 847 848 Figure S1 : Correlation between predicted and observed values using the GS subset for each of the 19 amino acid traits studied. Although 1,000 replicated genomic prediction runs were conducted, this figure was generated using data from a single replicate. Figure S2 : Principal component analysis (PCA) demonstrates similar patterns of population structure for the full genomic SNP set, amino acid SNP subset, and ten randomly selected control SNP sets. Note that although the direction of PC2 fluctuates across the control SNP sets, the pattern and magnitude of variation is consistent. 
